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ARTICLE INFO ABSTRACT
Keywords: RNA-protein interactions of a virus play a major role in the replication of RNA viruses. The replication and
Host cell RNA transcription of these viruses take place in the cytoplasm of the host cell; hence, there is a probability for the host

Viral nonstructural proteins (NSP)
RNA-Protein affinity

RPINBASE

COVID-19

RNA-viral protein and viral RNA-host protein interactions. The current study applies a high-throughput
computational approach, including feature extraction and machine learning methods, to predict the affinity of
protein sequences of ten viruses to three categories of RNA sequences. These categories include RNAs involved in

the protein-RNA complexes stored in the RCSB database, the human miRNAs deposited at the mirBase database,
and the IncRNA deposited in the LNCipedia database. The results show that evolution not only tries to conserve
key viral proteins involved in the replication and transcription but also prunes their interaction capability. These
proteins with specific interactions do not perturb the host cell through undesired interactions. On the other hand,
the hypermutation rate of NSP3 is related to its affinity to host cell RNAs. The Gene Ontology (GO) analysis of the
miRNA with affiliation to NSP3 suggests that these miRNAs show strongly significantly enriched GO terms
related to the known symptoms of COVID-19. Docking and MD simulation study of the obtained miRNA through
high-throughput analysis suggest a non-coding RNA (an RNA antitoxin, ToxI) as a natural aptamer drug
candidate for NSP5 inhibition. Finally, a significant interplay of the host RNA-viral protein in the host cell can
disrupt the host cell’s system by influencing the RNA-dependent processes of the host cells, such as a differential
expression in RNA. Furthermore, our results are useful to identify the side effects of mRNA-based vaccines, many

of which are caused by the off-label interactions with the human IncRNAs.

1. Introduction envelope (E), and nucleocapsid (N) [2]. Additionally, the polyproteins of
pplaand pplab are encoded by two long open reading frames (ORFs), i.

Coronaviruses, including SARS-CoV-2 with a genome size of 30 ki- e., ORFla and ORF1b. Proteins of ORFla and ORFlab may be involved
lobases (kb) in length, possess the largest known RNA genomes [1,2]. in cellular signaling and the modification of cellular gene expression, as
The structural proteins of the coronavirus are spike (S), membrane (M), well as pathogenicity by mechanisms yet to be exactly determined [3].
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Papain-like protease (PLpro) and 3C-like protease (3CLpro) cleave the
ORFlab polyprotein into 15-16 non-structural proteins (NSPs) [4,5].
These proteins are required for intracellular virus replication, and they
play important roles in virus pathogenesis and its virulence [6-8]. In
many viruses, the cleavage of large polyproteins by viral and/or cellular
proteases is a strategy for regulating virus replication, gene expression,
and maturation [9].

In the SARS-CoV life cycle, replication and transcription are medi-
ated by a replication transcription complex (RTC). RTC drives viral
genome replication and subgenomic mRNA synthesis [10]. Although the
central role of NSP3 is not well recognized, it is reported that some
domains of NSP3 interact with NSP5, NSP6, NSP12, NSP13, NSP14, and
NSP16. Consequently, NSP3 may serve as one of the RTC scaffolding
proteins there is a hypothesis of a membrane-associated scaffolding
function for NSP3 in the infected cells [11]. NSP12 has little activity and
its functions require accessory factors, including NSP7 and NSP8 [4,5].
According to Yin et al., the presence of NSP7 and NSP8 significantly
increases NSP12 binding to the template-primer RNA. Moreover, the
NSP12-NSP7-NSP8 complex shows RNA polymerization activity on a
poly-U template upon the addition of adenosine triphosphate (ATP). The
partial double-stranded RNA template inserts into the central channel of
the RdRp in a way that it lies in the active site cleft of NSP12 [12,13].
NSP3 is the largest multi-domain protein produced by coronaviruses
[12-14], which significantly differs between SARS-CoV and
SARS-CoV-2. However, the most similar proteins are the RNA helicases
(NSP 13), which are identical in all except one of their 603 amino acids;
the RNA-dependent RNA polymerases (NSP 12), sharing all except 34 of
955 amino acids; and the primary protease (NSP 5), which is similar in
SARS-CoV-1 and SARS-CoV-2 with only 13 different amino acids among
306 ones [15].

The replication and transcription of viruses take place in the host
cell’s cytoplasm; hence, it is logical to consider the probability of the
host RNA-viral protein and viral RNA-host protein interactions. These
types of host-virus interplay can be a pathogenic factor or a noise in the
virus’s vital mechanism. The interactions of viral proteins, especially the
open reading frame-encoded NSPs, with host cell proteins, and the in-
teractions of viral protein-RNA have previously been studied [16-19].
Molecular dynamics (MD)-based methods are popular methods to
investigate the protein-protein or protein-RNA interactions; however,
these methods are computationally-costly simulations.

Hatton et al. have presented a model for the role of RNA and DNA-
binding activities in Hepatitis B Virus (HBV) replication. As they note,
the capsid protein of the virus adversely affects the reverse transcription
of the viral pre-genome RNA into DNA [20]. Moreover, Johnson et al.
have proposed another model for Cowpea chlorotic mottle viruses
(CCMV), in which the virus RNA’s interaction with the capsid protein
alters the RNA structure and the pathway for in vitro assembly [21];
hence, the virus RNA-protein interactions can facilitate the virus repli-
cation process. Recently, the physical interactions of host cell IncRNAs
with the SARS-CoV-2 genome (Viral RNA) have been investigated by
Moazzam et al. [22].

Therefore, viral proteins’ affinity toward different classes of host
RNA molecules can be one of the missing links in the molecular mech-
anisms associated with the pathogenesis of the viruses, especially the
ongoing COVID-19 outbreak.

In this study, we focused on the interplay between the host RNAs and
the virus proteins. For the first time, through high-throughput data
analysis, pathway analysis, docking, and MD, we have investigated the
interactions of host cell RNAs and viral proteins, as the less studied case
in viral pathogenesis. We generated a predictive model using machine
learning from RNA-protein complexes in the PDB (RCSB.org) database.
Moreover, we predicted all interactions between the proteins of ten vi-
ruses and three categories of human RNA (i.e.,, complexes’ RNA,
microRNA, and long non-coding RNA). Our results indicate the high
potential of some NSPs to recognize human RNAs. Therefore, NSPs can
play a major role during the evolution of coronaviruses and provide
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clues for understanding the coronavirus transcription and replication
machinery.

Finally, our results describe the role of host RNA-viral protein in-
teractions and propose that differential gene expression may not be the
only process that affects the RNA system in the host cell. Thus, these
findings can be beneficial in proposing the molecular basis of COVID-19
symptoms and the role of the viral proteins with a hypermutation rate in
the infection. Moreover, docking and MD can help drug discovery
through miRNAs as the natural candidate for the inhibition of viral
proteins.

2. Methods and materials

In this study, a computational approach was applied to predict the
affinity of proteins encoded by six genera of coronaviruses to three
categories of RNA sequences, including RNAs involved in the protein-
RNA complexes stored in the RCSB database, the human miRNAs
deposited at the mirBase database, and the IncRNA deposited at the
LNCipedia database. Moreover, two genera of influenza and hepatic
viruses were also considered as control groups.

Here, three categories of RNAs were examined, i.e., (1) RNAs
involved in the protein-RNA complexes stored in the RCSB database, (2)
human miRNAs deposited at the mirBase database, and (3) the IncRNA
deposited at the LNCipedia database.

The list of viruses and RNAs used in this study is presented in Table 1,
and more details about the viruses are available in Table 2 and the
complete used sequences of the genomes of these viruses are presented
in Supplementary file 6. However, as a limitation of the study, we did
not consider the variations of the genomes; and ignored all of the mu-
tations which cause variants among RNA virus sequences. The flowchart
of our methodology is illustrated in Fig. 1.

2.1. Data collection

RPINBASE [24] provides positive samples using atomic distance and
negative samples using the clan and family theory of proteins. Pre-
processed sequences of the RNA involved in the RNA-protein complex
PDB (RNA sequences involved in PDB complexes in the RCSB database)
with the values of their features were downloaded from RPINBASE,
which contains 1682 unique RNA sequences from 5076 RNA sequences
in 2258 complexes. To train a predictor model, 9401 positive and 94010
negative samples with their feature vectors were downloaded from
RPINBASE.

Moreover, 2465 unique microRNA sequences of homo sapiens were
kept among 48886 sequences downloaded from miRBase (release 22)
[25-27]. The high-confidence set (version 5.2) of IncRNA sequences was
downloaded from LNCipedia with 107346 initial and 102405 unique
RNA sequences with less than 5000 nucleotides [28]. In addition, 1682
RNA sequences were reused as RNAs involved in complexes. All 177
sequences of ten viral proteins were downloaded from NCBI in the
FASTA format.

To evaluate the potential side effects of RNA binding to human
proteins, 74823 protein sequences were downloaded from uniport [29].

Table 1
Evaluated and utilized data materials.
Title Type Count
1 Viruses virus 10
2 Viral protein sequences Protein 177
3 RNAsinvolved in RNA-proteins complexes ~ RNA 1682
4 Micro RNA (homo sapiens) RNA 2465
5  Long non-coding RNA RNA 102405
6  Positive samples RNA-Protein 9401
Complex
7  Negative samples RNA-Protein 94010
Complex
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Table 2

The key molecular features of viruses used in this study [23]. Human Corona-
virus HCoV is the abbreviation for “Human Coronavirus” and SARS-CoV-1 is the
abbreviation for SARS coronavirus. HIN1 and H5N1 are influenzas A virus
subtypes.

Virus Genome length Proteins Incubation
(kbp) count (median)

1 HCoV- 229E 27.3 20 3

2 SARS-CoV-2 30 25 8

3 HIN1 13.6 12 1.5

4 H5N1 13.6 12 4

5 Hepatitis B Virus 3.2 7 115
(HBV)

6 Hepatitis C Virus 9.4 10 87.5
(HCV)

7 MERS-CoV 30 24 8

8 HCoV- NL63 28 20 4.6

9 HCoV- 0C43 30 22 3

10 SARS-CoV-1 30 24 6

By applying filters such as sequence length in the range between 20 and
4000 amino acids and omitting sequences containing unknown amino
acids, 66025 appropriate sequences were kept.

2.2. Feature extraction

The primary and secondary structures of the RNA and proteins were
targeted to generate a wide range of features for machine learning, as
presented in Table 3. Furthermore, hybrid features were generated using
both structures. The aggregation includes count, average, minimum,
maximum, and sum functions on the sets. The sequential primary
structure features were generated by recoding and optimizing the
“protein-encoding toolbox” [30]. Features of the secondary structure of
RNAs were generated by interpreting the dot-bracket output of RNAfold
of the Vienna package [31]. Following the method proposed in
Torkamanian-Afshar et al. [32], the top 196 structural features of RNAs
and proteins are selected. Their method uniformly picks some samples
from the original dataset. It sorts features by their discriminatory power
in descending order as well. Then, the method calculates the standard
deviation of their ranks. Finally, the features corresponding to the
highest discriminatory powers and the lowest rank deviations are
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retained for the training set. To evaluate the binding affinity, the
RNA-protein pair dataset was generated. The secondary structures of
viral proteins were generated using GOR IV [33,34], i.e., a tool for
predicting the secondary structure of proteins.

2.3. Machine learning

In the machine learning approach, the process of training a model
and the prediction of protein-interacting RNAs includes two main steps.
To perform the first step and build a model, the ML.NET framework [35]
was used to train and generate the model. To train a predictor model,
9401 positive and 94010 negative samples with their feature vectors
were downloaded from RPINBASE [24]. Due to the lack of reported
negative samples, the imbalanced training dataset was generated, and
the misclassification cost parameter was set to 10 to compensate for the
inequality. The RPINBASE, built from raw sequences of RNAs and pro-
teins deposited at the NCBI database, contains preprocessed and
ready-to-learn sequences of complexes with a wide range of primary and
secondary structural features. In the cross-validation procedures of the
training, the best accuracy of 96.9% with the F1 score of 97% was ob-
tained using the LightGbmBinaryTrainer (Light Gradient Boosted Ma-
chine Binary Trainer) algorithm [36]. Moreover, the Light Gradient
Boosted Machine classifier algorithm was used to predict the binding
score for each RNA-protein pair.

Table 3
Feature vector composition.
Target Length  Description
Protein 2010 AAC, AAP, APAAC, CTDC, CTDD, CTriad, DC, Geary,
Primary Moran, MoreauBroto, PAAC, QSO, SOCN
Protein 30 Aggregation (AlphaHelix, BetaSheet, Coil), Parallel and
Secondary Antiparallel beta-sheets
RNA 44 Aggregation (Stem, Bulge, Internal loop, Hairpin,
Secondary Multiloop, Single strand)
RNA Hybrid 100 Monomer, dimer, and trimer in stems and loops
Total Length 2184

P Analysis of inhibiting RNAs for NSP5

Downloading binding and non-binding
sequences from RPINBASE

'

Generating features of primary and
secondary structures

.

Feature selection

v

Generating a classifier model using
machine learning

\ 4

Predicting binding RNAs to viral

proteins utilizing generated classifier
model

v

Generating features of primary and
secondary structures of viral proteins
and RNAs

?

Downloading viral Proteins from ncbi

T

Machine Learning

Fig. 1. Flowchart of the methodology used in this study, including the collection of RNA and protein data, generating the dataset, training a predictive model, and

the prediction steps.

Downloading RNAs from PDB,
miRBase, LNCPedia

Predicting Viral Interactions

v

Confirming Toxl RNA binding to NSP5
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Analyzing Gene Ontology and
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Cytoscape
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miRNAs to NSP3 of Cov-SARS-2 using
miRTarBase

Symptoms Prediction using Gene analysis
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2.4. Prediction

The trained model receives an RNA-protein feature vector and out-
puts a scalar discrimination score between 0 and 1 as a prediction result,
where 0 represents the negative class and 1 is for the positive class. In
these kinds of binary classifications, a score less than 0.5 for an RNA-
protein pair is interpreted as a non-binding pair (negative) and scores
greater than 0.5 are considered as binding pairs (positive). While a lower
predicted score means a lower binding chance, a higher binding chance
can be understood from the higher scores.

2.5. RNA-protein docking and molecular dynamics

We examined all the predicted RNAs that interact with the most
conserved proteins of SARS-CoV-2 (i.e., NSP5, NSP12, and NSP13) to
identify a putative inhibitor for these key proteins. Then, to evaluate the
capacity of this RNA to be introduced as a drug or at least as a seed for
aptamer design, we examined the details of the interactions of this RNA
by simulating the RNA-protein docking, followed by molecular dynamic
(MD) simulation.

The docking simulation was performed using default parameters on
the Haddock server available at https://haddock.science.uu.nl/ [37].
The 3D structures of ToxI and COVID-19 main protease were found from
the PDB files 2XDB and 7BUY, respectively, which were obtained from
the RCSB database [38]. Finally, we ran the MD simulation by imple-
menting the amber14sb_OL15 force filed, 2000 STEP EM (emtol = 0.001
and emstep = 0.01), 200000 NVT steps and 200000 NPT steps both with
dt =1 fs, and, finally, 100 ns MD with dt = 2 fs in Gromacs-2019 soft-
ware [39,40]. All figures of the structures and complexes have been
created using the UCSF Chimera software [41].
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2.6. Gene ontology analysis

To determine the contingency pathways that may be perturbed by
this RNA in the human body, the gene ontology processes were per-
formed using String DB and the Cytoscape software. Due to the limit of
2000 proteins in String DB, all gene ontology processes were performed
using the String DB [42] plugin in the Cytoscape [43] application.
Moreover, miRNAs target genes were extracted from the mirTar [44]
database.

3. Results
3.1. Higher affinity of Coronavirus proteins to the RNAs

Fig. 4 shows the predicted numbers of interactions of all proteins of
the ten viruses with RNAs involved in complexes (abbreviated to Com-
plex), miRNAs, and IncRNAs. Fig. 2-a presents the number of RNAs that
interact with at least one protein of the virus, i.e., the “coverage” of a
protein. The total count of interactions between any RNA with all the
proteins is given in Fig. 2-b. The numerical values are presented in
Supplementary File 1. Fig. 3 depicts the normalized viral proteins
interaction coverage with RNAs demonstrating the percentage of total
RNAs (investigated in this study) that interact with virus proteins. The
predicted frequencies of interactions of all proteins of all examined vi-
ruses are presented in Fig. 4.

3.2. Hyper affinities of NSP3 of coronaviruses to the RNAs

As this study focuses on SARS-CoV-2, the exact frequency of in-
teractions of this virus is presented in Table 4. Interaction matrices are
available in Supplementary Files 2, 3, and 4.

b) Total viral interaction with RNAs
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Fig. 2. Distribution of viral proteins’ interactions with RNAs for each virus: a) coverage of viral proteins interacting with RNAs (at least one interaction between any
viral protein and RNAs), b) total interactions between all viral proteins of any virus with RNAs.
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Normalized viral proteins interaction coverage with RNAs
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Fig. 3. Normalized viral proteins interaction coverage with RNAs demonstrating the percentage of total interactions of viruses with all the investigated categories

of RNAs.

In Fig. 5, the pairwise similarity matrix of NSP3, NSP5, NSP12, and
NSP13 of coronaviruses (HCoV-229E, SARS-CoV-2, MERS-CoV, HCoV-
NL63, HCoV-OC43, and SARS-CoV-1) are calculated by the Lev-
enshtein alignment with an equal mismatch penalty of —1. The same
NSPs of different genera make a block of the represented matrix; hence,
the matrix is blocked. The gradual change from dark blue to red shows
the increase in the similarity score. Clearly, the block related to NSP3
shows the lowest similarity. In contrast, the NSP13 block represents the
highest similarity.

3.3. Hypermutation rate of NSP3 of coronaviruses to the RNAs

As the similarity is the blocked matrix, we calculated the upper
triangular averages of these similarity values for the corresponding
blocks of each protein. The obtained values are 0.31, 0.52, 0.66, and
0.68 for the blocks related to NSP3, NSP5, NSP12, and NSP13, respec-
tively. A lower value of the average similarity means lower mutual
similarities between the same NSPs in various viruses and vice versa.

Fig. 6 illustrates the correlation of average similarities with the
predicted interaction number for each NSP (percentage of the interacted
number to the total number of the RNAs). NSP12 and NSP13, as the most
conserved proteins (with the highest similarity), have the lowest per-
centage of interaction. However, the proteins with the highest per-
centage of predicted partners (NSP3s) have the lowest average similarity
score.

3.4. SARS-CoV-2 NSP5 inhibited by a viral miRNA

After inspecting all RNAs interacting with proteins of SARS-CoV-2,
we selected the shortest non-human RNA to simulate its interaction
with the NSP5; surprisingly, it was an antitoxin RNA. ToxI (chain G of
PDB 2XDB) was predicted to bind to NSP5. Residues His41 & Cys145,
and nucleic acids 2 & 16 of the RNA were considered as the active site of
the protein and RNA respectively. For both molecules, the passive res-
idues were selected automatically. Moreover, the total length of RNA
was set to be fully flexible. All other parameters were considered as the
default parameters of the Haddock2.4 server. The output of the simu-
lation included Haddock score = —53.1+-7.3, z-score = —1.8, and
cluster size of 132 from 169 total structures. The 3D structure of the
complex obtained by the Haddock server after 100 ns MD simulation is
presented in Fig. 7. The 3D structure of NSP5 is shown in pink & gray
and the nucleic acids of RNA are shown in cyan(U), yellow(C), red(A),
and green(G). Residues of the catalytic dyad are labeled with His41/
Cys145 The rmsd plot of MD simulation is shown in Supplementary File
7.

3.5. Gene ontology analysis

In this section, we focused on the miRNAs-NSP3 interaction and
extracted the list of miRNAs that were predicted to have interaction with
NSP3. Using the mirTAR database, we obtained their target in the
human cells and ran gene ontology and pathway enrichment analysis.
The details of the results are presented in Supplementary File 5. Fig. 8
shows the top GO terms. Some other results of the GO analysis are
presented in the supplementary files.

4. Discussion

By attempting to generate a predictive machine learning model to
identify the binding of the viral proteins to the host RNAs with a special
emphasis on SARS-CoV-2, this study investigates the affinity of protein
sequences of ten viruses to three categories of RNA sequences through
computational studies. Moreover, it is addressing the important question
about the role of evolutionary variation in viral proteins through a
computational approach. The results can be beneficial in drug discovery
and proposing a molecular basis for symptoms, especially the role of the
viral proteins with a hypermutation rate in the infection.

4.1. Higher affinity of Coronavirus proteins, especially NSP3, to the RNAs

Figs. 2 and 3 show that the predicted total affinities of the proteins of
SARS-CoV-2 and MERS-CoV are significantly higher than those of other
viruses examined in this study. However, the total predicted interaction
numbers of viral proteins with different host RNA categories followed
the same trends among different viruses. To examine this finding, we
evaluated different proteins of the viruses one by one.

Fig. 4 shows the frequency of the predicted interaction of all proteins
of the ten viruses with different categories of RNAs. It should be noted
that the details of the data related to SARS-CoV-2 are presented in
Table 4. Among different coronaviruses proteins, the NSP3 protein
interacted with a large number of human RNA molecules, while a few
RNA molecules were predicted to interact with the proteins involved in
the RTC and protease. The predicted interaction numbers are indepen-
dent of the lengths of the related proteins. While NSP3 has 1945 resi-
dues, NSP5 (3C-like protease, 3CLpro) and NSP12 (RNA-directed RNA
polymerase) have 306 and 932 residues, respectively. It seems that it is a
strategy of the virus that the key proteins in the replication, transcrip-
tion, and structural formation of the virus remain intact as much as
possible since these proteins facilitate the fundamental mechanisms of
the viral life cycle, independent of the host cell and virus genera.
Interestingly, while the receptor-binding domain of the spike protein
interacts with a few human RNAs, the resting part of the spike protein
has a high potential to absorb the RNAs. As shown in Table 4, the
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Fig. 4. Viral proteins bound to RNAs involved in complexes (abbreviated to Complex), miRNAs, and IncRNAs.
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predicted number of total RNAs interacting with the spike receptor-
binding domain is 3, while more than 33000 interactions were pre-
dicted for the whole spike. This again confirms our assumption that the
proteins that facilitate the basic mechanism of the virus are kept away
from the host cell’s RNA system, and some proteins including NSP3 and
spike (except for the spike receptor-binding domain) interfere with the
host cell’s RNAs.

4.2. Hypermutation rate of NSP3 of Coronavirus

On the other hand, NSP3 is the largest multi-domain protein pro-
duced by coronaviruses [12-14]. Previous studies have shown that
when only 0.16% of the residues of NSP13, 3.5% of the residues of
NSP12, and 4.2% of the residues of primary protease (NSP5) are
different between SARS-CoV and SARS-CoV-2, this ratio is 17-26% for
different domains of NSP3 [11]. In line with these findings, Fig. 5 shows
that these similarities and differences can be generalized to other genera
of the coronaviruses. Moreover, compared to other proteins, NSP3 of
SRAS-CoV-2 has the highest distance from NSP3 of other coronavirus
genera. Furthermore, the alignment of different genomes of SARS-CoV-2
shows that NSP3 has the highest rate of mutation compared to other
proteins. In other words, it shows 547 missense mutations, while 3CLPro
and RdRp have 67 and 194 missense mutations, respectively [45].

Fig. 6 shows the correlation of the similarity score (as an index of
variation) and the predicted interaction numbers of each NSP. Inter-
estingly, among various coronaviruses, the potential capacity of NSP for
interacting with different RNA categories increased with the decrease in
the sequence similarity. It seems that there is a significant relationship
between the rate of interaction with RNAs and the probability of mu-
tation in viral proteins. Additionally, not only does NSP3 play a decoy
role to protect other viral proteins from the host cell’s RNAs, but it also
disturbs the host cell’s system.

4.3. Virus against virus

Although the tendency of viral proteins for binding to the host RNA
molecules can provide an evolutionary advantage for viruses, it can also
be a starting point for designing virus-inhibiting aptamers that can
negatively regulate the viral gene expression and its pathogenesis. Thus,
we examined all NSPs-RNAs predicted interactions that can interact
with the most conserved proteins of SARS-CoV-2 (i.e., NSP5, NSP12, and
NSP13), and we found a miRNA (ToxI) that forms a complex with NSP5.

Small genetic elements composed of a toxin gene and its cognate
antitoxin compose Toxin-antitoxin (TA) systems. Antitoxins are either
proteins or non-coding RNAs that often control their cognate toxins
through direct interactions, and, in conjunction with other signaling
elements, through the transcriptional and translational regulation of the
TA module’s expression. In the cell, the antitoxin and the toxin interact
with each other (ToxI-ToxN), suppressing toxicity [46-48]. ToxIN,
encoded by a plasmid from the plant pathogen P. atrosepticum, is the first
example of the type III toxin—antitoxin (TA) system, in which a protein
toxin, i.e., ToxN, is inhibited by an RNA antitoxin [46-48]. All these
results support ToxI as a potential inhibitor of NSP5, where the pro-
duction of a virus (bacteriophage) can inhibit the proliferation of
another virus (SARS-CoV-2).

4.4. NSP3 hyperaffinity to miRNAs and COVID-19 symptoms

According to the gene ontology and pathway analysis, it is clear that
NSP3’s hyperaffinity to miRNAs can influence the majority of molecular
functions in the host cell that are related to COVID-19 symptoms. Here,
we focused on the miRNAs-NSP3 interactions and extracted the list of
miRNAs that were predicted to interact with NSP3. Using the mirTAR
database, we obtained their targets in the human cells and ran gene
ontology and pathway enrichment analysis. The details of the results are
presented in Supplementary File 5. The meaningful GO terms and KEGG
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Table 4

Proteins of SARS-CoV-2 and their interactions with RNAs (sorted by interactions frequency with IncRNAs).
Protein Len Complex miRNA IncRNA Protein Len Complex miRNA IncRNA
nsp03 1945 830 1565 88118 nsp06 290 0 0 558
orf8 121 116 12 62405 nspl5 346 6 0 478
spike 1273 879 1388 29750 orf7a 121 6 64 12
nspl4 527 29 0 18537 nsp02 638 6 35 37
envelope 75 121 133 12120 nspl3 601 1 0 58
nucleocapid 419 70 0 8495 nspl0 139 1 0 50
orfl0 38 15 19 6629 nsp04 500 1 0 18
membrane 222 6 0 5523 nsp09 113 0 0 13
orf7b 43 40 4 5256 orf3a 275 0 0 11
nsp07 83 10 0 3167 nspl2 932 1 0 8
nsp05 306 13 25 1615 spike binding 223 1 0 2
orf6 61 4 1 1531 nsplé 298 0 0 2
nsp08 198 2 0 1148 nsp01 180 0 0 0
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Fig. 5. Clustering and correlation matrix of four proteins (NSP3, NSP5, NSP12, and NSP13) of coronaviruses (HCoV-229E, SARS-CoV-2, MERS-CoV, HCoV-NL63,
HCoV-0C43, and SARS-CoV-1) based on Levenshtein similarity of primary structures of proteins.

pathways were found for estrogen receptor, IgG-IgA, small molecules,
cellular response to the virus, insulin-diabetes, cardio and blood, and
cytokines and immune response. These perturbed functions and path-
ways in the host cells are related to the known outcomes of the COVID-
19, indicating that patients with diabetes are at a greater risk of worse
prognosis and mortality [49]. Moreover, it is shown that hypertension,
obesity, and diabetes are the common comorbidities of the patients
hospitalized with COVID-19 [50]. Interestingly, CXCL10, CCL7, and IL-1
receptor antagonists reported by a previous study [51] are the targets of
hsa-let-7f-5p, hsa-miR-135b-3p, hsa-miR-15a-5p, hsa-miR-122-5p,
hsa-miR-21-5p, hsa-miR-130a-3p, hsa-miR-142-3p, hsa-miR-877-3p,

hsa-miR-346, hsa-miR-191-5p, and hsa-miR-887-3p, which were pre-
dicted by our results to interact with NSP3. We believe that the genes
included in the cellular response to chemical stimulus GO process can help
identify the reasons for the prevalence of smell and taste dysfunctions in
COVID-19 patients [52,53].

The meaningful GO terms and KEGG pathways were identified for
estrogen (receptor activity, receptor binding, and signaling pathway),
IgG-IgA, small molecules (cellular response to chemical stimulus,
response to drug, small molecule metabolic process), cellular response to
the virus (defense response to the virus, Epstein-Barr virus infection,
human papillomavirus infection, Kaposi’s sarcoma-associated
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Fig. 6. Average upper triangular similarity values corresponding to NSP3, NSP5, NSP12, and NSP13 vs. the predicted interaction numbers of each NSP. The obtained

similarity values are 0.31, 0.52, 0.66, and 0.68 for the blocks related to NSP3, NSP5, NSP12, and NSP13, respectively.
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Fig. 7. The 3D structure of NSP5 is shown in pink & gray and the nucleic acids of RNA are shown in cyan(U), yellow(C), red(A), and green(G). Residues of His41/
Cys145 are catalytic dyad. The hydrogen bonds between guanine34 and Asn142 & Ser46 are clear. This figure was produced by the UCSF Chimera 1.14-linux_x86_64
(https://www.cgl.ucsf.edu/chimera/download.html).
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Fig. 8. Annotation (enriched GO terms and pathways) of the miRNA that presented affiliation to NSP3 of SARS-CoV-2.
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herpesvirus infection, modulation of host processes by the virus),
insulin-diabetes (such as cellular response to glucose stimulus, insulin
stimulus, low-density lipoprotein particle stimulus, insulin receptor
signaling pathway, insulin receptor substrate binding, insulin resistance,
insulin secretion, insulin signaling pathway, insulin-like growth factor
receptor signaling pathway, negative regulation of insulin receptor
signaling pathway, negative regulation of insulin secretion, regulation
of insulin secretion, insulin, AGE-RAGE signaling pathway, and type II
diabetes mellitus), cardio and blood (such as adrenergic signaling in
cardiomyocytes, arrhythmogenic right ventricular cardiomyopathy
(ARVCQ), blood circulation, blood coagulation, blood vessel remodeling,
blood vessel morphogenesis, blood pressure, regulation of heartrate, and
regulation of systemic arterial blood pressure), and cytokines and im-
mune response.

4.5. mRNA-based vaccines

Consistent with our findings, Vandelli et al. have investigated the
interactions between the SARS-CoV-2 genome and human proteins,
showing that the 5'end of the viral genome is highly structured and can
interact with various human proteins [54]. Here, we predicted the af-
finity between proteins encoded by the SARS-CoV-2 genome and human
mRNA and miRNAs. Therefore, the findings can be used in mRNA-based
vaccines to predict the side effects caused by the off-label interactions
with these human macromolecules.

In this study, for the first time, as we know, we emphasize the role of
viral protein-host RNA (especially, non-coding RNAs) physical in-
teractions in the pathogenicities of the coronavirus infection. The
detailed analysis of the RNA-Protein interaction may make a little sense
and miRNA’s physical interaction with the viral proteins may not seems
satisfactory; however, there are pieces of evidence about this proposal.
In addition to the results of molecular docking and MD simulations of
one of the predicted interactions (Fig. 7), here, we address the results of
some of the previous studies in support of our idea of disruption of the
cell system via the viral proteins.

Many DNA and RNA viruses synthesize their ncRNAs to degrade,
boost, or hijack cellular miRNAs [55,56]. According to Skalsky and
Cullen; Over 200 viral miRNAs had been identified until 2010.viruses
could use these miRNAs to manipulate both host and viral gene
expression [57]. HSUR 1 of Herpesvirus, a viral U-rich noncoding RNA,
is a well-known virus macromolecule that interacts with the host cell
miRNAs and degrades host microRNA-27 [58]. According to our previ-
ous study, 160 human miRNAs have been predicted targeting the
SARS-CoV-2 genome 1 [59]. All of these studies address the role of
miRNAs in the host cell-virus interplay. Furthermore, Tomato leaf curl
Palampur virus (ToLCPalV) and African cassava mosaic virus Cameroon
Strain (ACMV) belong to one of the most devastating plant viruses
worldwide, the Begomovirus genus. There is some direct evidence that
the AC4 protein of the above-mentioned viruses is a virus-encoded
protein that plays a role as a suppressor during the posttranscriptional
gene-silencing process. Also, This viral protein binds to and inactivates
mature host miRNAs and blocks the miRNA-mediated regulation of
target mRNAs [60,61]. These results confirm the viral protein-host
miRNA interaction. Furthermore, as a therapeutic strategy, Chen et al.
reported a new mechanism that involves interactions between micro-
RNA and HIV-1 Gag protein’s RNA-binding (nucleocapsid) domain to
inhibit Gag assembly and virus production [62].

5. Conclusion

NSPs act specifically, and they are not perturbed by unsuitable in-
teractions with the host cell RNAs. The gene ontology and pathway
analysis show that NSP3’s hyperaffinity to miRNAs can influence the
majority of molecular functions in the host cell that are related to
COVID-19 symptoms. On the other hand, our results are in favor of a
vaccine that selects the RNA part of the viral genome that is matched

Computers in Biology and Medicine 135 (2021) 104611

with the binding-site of the spike protein. Moreover, a non-coding RNA
(RNA antitoxin, ToxI) was obtained as a natural candidate for NSP5
inhibition.

We believe that the significant interplay between the host cell RNA
and the viral protein in the host cell can disrupt the cell’s system by
influencing the RNA-dependent processes of the host cells, such as a
differential expression in RNA. Although this potential of interaction
may be helpful in finding an RNA aptamer or drug for the inhibition of
viral proteins, our findings are not limited to this application. In addi-
tion, our results can also be helpful for researchers who work on the
molecular mechanisms behind different symptoms of COVID-19.
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